Abstract Microstructure mining aims to study material microstructures while embracing their complexity. The general steps in the microstructure mining method will be introduced in the context of ceramics processing and microstructure evolution in sintering. In particular, the methodology will be illustrated by the design of a new microstructural measurement called the effective diffusion distance. This parameter allows the experimental study of sintering microstructures using traditional kinetic models of sintering even when the microstructures are strongly aggregated. The limits of this approach will be discussed with respect to the scale of the aggregation relative to the size of the pores.
Introduction
Materials informatics has been suggested as a means of accelerating materials innovation [1] . This has been reinforced by the proposed sub-discipline of Integrated Computational Materials Engineering that will require searchable databases to allow the power of computational materials engineering to be utilized to its full potential [2] .
In the US, this concept has recently become central to a broad approach called the Materials Genome Initiative for Global Competitiveness [3] . The latter aims to develop the resources and training necessary for integrating computational and experimental materials science and engineering in a bid to increase the rate at which new materials are discovered and developed. Three enabling aspects of the required ''materials innovation infrastructure'' have been identified. They include: (i) computational tools, (ii) experimental tools, and (iii) digital data. Digital data can be the result of computational or experimental studies conducted by members of the materials research community which must be assembled into data sharing systems that facilitate multidisciplinary materials development. Familiar databases for thermodynamic and crystallographic data already exist, but as yet this approach has not been widely applied at the microstructure level and there are no comprehensive microstructural databases that can accept and preserve microstructural information generated by the materials community. To establish this form of database there must be agreement on the nature of the information that should be stored, the standards that must be met and the organizations that will maintain and manage the databases. Obviously this constitutes a tremendous undertaking but if it were to be successful, material informatics methods could be widely applied to microstructural information obtained by imaging. Microstructure mining, the subject of this paper, is a conceptual methodology by which quantitative statistical microstructure information can be acquired, assembled into databases, and analyzed using available data mining techniques [4] . At the heart of this method is the concept that materials microstructures can be treated as complex systems in which material properties and behavior are controlled by clearly identifiable lengthscales such as grain size or by microstructural ''mesoscales'' associated with groups of features. Quantifying lengthscales associated with individual and readily identifiable features is usually straightforward but quantification of mesoscales created by the spatial arrangements of features can be much more challenging. Previous studies have shown how microstructure mining can be used to conduct process modeling at the microstructural level in the study powder processing of ceramics and its effect on fracture strength [5, 6] .
In this paper, the application of microstructure mining to the study of sintering kinetics will be reviewed. In particular, the effect of aggregation on the sensitivity of sintering kinetics to microstructure will be demonstrated. The traditional microstructural parameters used in kinetic sintering models are limited to the solid volume fraction and the average grain size, the latter being taken to represent the controlling diffusion distance [7, 8] . In consequence, there is an implicit assumption that the representative volume element in a sintering microstructure contains only one grain and its attendant porosity. While this is a wellaccepted simplification, there has been few attempts to validate the assumption and microstructural measurements do not play a central role in quantification of sintering kinetics by methods such as the master sintering curve [9] . The specific assumptions concerning the simplified microstructural geometries and how they evolve in sintering lead to fixed relationships between solid volume fraction and grain size. DeHoff termed the relationship between two microstructural parameters during microstructural evolution as a microstructural pathway [10] . In the study of sintering, the relationships between solid volume fraction and grain size are called microstructure maps and have been used to examine the effect of processing variables on sintering and grain growth [11] [12] [13] . Since the sintering models are applied independent of scale, dimensionless microstructural parameters have been used to compare the models with experimental data [14] . It was found that the simplifying assumptions of the models often misrepresent real microstructure evolution and the pores in the models are too often too small and too numerous. This problem becomes worse when the models are compared with microstructural evolution in ceramics derived from aggregated chemically prepared nanocrystalline powders. The general steps in the microstructure mining process will now be described and then an example of its application to the sintering of aggregated powders will be presented.
Microstructure Mining Methodology
Materials scientists are well aware that the properties of engineering material must be controlled over a range of lengthscales because of the presence of several different microstructural features with widely differing sizes. Additionally, material properties such as fracture strength may also be controlled by associations of features such as aggregations that define ''mesoscales'' in the microstructure and introduce additional complexity. Therefore, the potential for microstructural complexity must be considered in decisions made at every stage of microstructural analysis from sampling of the original specimens to design of the image processing and analysis protocols. Decision support is the main focus of the microstructure mining method. In the first step, the material must be divided to make smaller samples suitable for imaging. This must involve careful sampling and specimen preparation. The second step involves sampling the prepared specimen using a qualitative imaging exercise in the microstructure mining process that surveys the specimen over a wide range of magnifications to establish a ''microstructural profile'' that would further support decisions in the next step of the process. The next step involves choosing a magnification for the subsequent analysis. This will be relatively straightforward if the property in question is controlled by the lengthscale of a single identifiable feature but much less so when mesoscales are formed by associations of features. The spatial arrangement of features in such associations can result in much larger lengthscales and this is indeed the case in the following example that concerns the sintering of aggregated nanocrystalline ceramic powders. Once the appropriate lengthscale has been identified decisions must be made about image sampling and imaging conditions. Obviously, microstructure mining will not result in databases that are comprehensive enough to truly address all structure-property relationships for a specific material. Once the imaging is completed the images must be banked and processed. Sometimes hundreds of images may be necessary and so automated image processing protocols must be designed and implemented. This often requires compromises that must be fully identified and evaluated. In the final step, the data is extracted from the processed images and can be analyzed using data mining or pattern recognition techniques if necessary. Finally, the processed images can also be banked. Figure 1 illustrates the general steps in microstructure mining that are used to support decisions about microstructure imaging and analysis.
Example: A Microstructure Mining Tool for Studying the Effect of Aggregation on the Kinetics of Sintering
The crystallite size in modern ceramic powders is usually much less than 1 lm and ranges down to tens of nanometers. While these crystallites have high surface area and provide large driving force for sintering, they are often aggregated and result in more complex paths of microstructure evolution that detract from the potential of the powder to sinter at the lowest possible temperatures in the shortest periods of time. In the analysis of sintering kinetics, it is quite common to reduce the effect of the microstructure on sintering to two important parameters, the solid volume fraction and the grain size. In fact, the kinetic models of sintering allow the change in solid volume fraction to be modeled purely in terms of the change in grain size in isothermal sintering. This is a consequence of the assumed diffusional mechanisms by which vacancies migrate between pore boundaries (vacancy sources) and grain boundaries (vacancy sinks). Importantly, the limiting diffusion distance should be half the interpore spacing. Therefore, the exact relationship between sintering rate and grain size depends on the assumptions of the models. In the case of the combined stage sintering model [8] mentioned above, the proportionality between volume strain rate dq/ qdt, the grain size k g and the pore size k p for isothermal sintering by volume diffusion is:
ð2Þ
For grain boundary diffusion, there is no pore size dependence so the proportionality becomes: dq=qdt / 1=k 4 g ð3Þ Figure 2 shows an example of a polished and thermally etched microstructural section of partially sintered zirconia ceramic derived from an aggregated nanocrystalline powder. The ceramic was processed from powders with an average particle size of approximately 0.3 lm containing individual 30 nm crystals assembled into porous aggregates. It is immediately apparent that there are several ways in which this microstructure does not reflect the assumptions of the kinetic models of sintering. Unlike the geometries of the sintering models, there are many triple points that do not contain pores. Indeed dense aggregates containing many grains can be observed throughout the microstructure. Therefore the assumed equivalence of grain size and pore separation in the kinetic models of sintering do not appear to apply. While casual observation of the microstructure might lead to the conclusion that the model geometries of the kinetic models of sintering do not apply, it must be established if these models are statistically representative. Inspection of Eqs. 1-3 suggests that plots of log of volume strain rate against the log of grain size should yield a linear plot for which the slope represents the grain size exponent. The exponent must have a value of 3 for volume diffusion or a value of 4 for grain boundary diffusion, the expected sintering mechanisms. The volume strain rate in sintering can be determined from the change in solid volume fraction with time during isothermal sintering measured from
Sampling and specimen preparation
Surveying over a range of magnifications to produce a "Material Profile"
Determination of image magnification, imaging and image banking
Design and execution of an image processing protocol
Image analysis, pattern recognition or data mining interrupted sintering experiments. The grain size can be determined from the grain intercept k g that is defined as follows:
where V s is the solid volume fraction, S v ss is the surface area density of grain boundaries, and S v sv is the surface area density of pore boundaries. All of these quantities can be measured on the microstructural sections and the value of V s from the microstructural measurement must agree with independent measurements using the Archimedes method if the images are to be considered representative. The consequent plot of the volume strain rate for isothermal sintering of zirconia at 1,275°C against grain size, shown in Fig. 3 , gave a grain size exponent for sintering of 12. Such a value is well above the values of 3 or 4 required by the expected sintering mechanisms. Importantly, the relationship suggests that the grain size is not increasing fast enough during isothermal sintering to account for the observed decrease in sintering rate. If the grain size does not correctly represent the diffusion distance that controls sintering, one might suspect that the average pore separation, might show a better correlation. The pore separation k ps can be easily defined from the same intercept data used to determine the grain intercept as follows:
The plot shown in Fig. 3 gave a pore separation exponent close to 2. While such an exponent is closer to the expected values from the sintering models, it is low and the pore separation defined in Eq. 5 thereby overestimates the diffusion distance.
Using the microstructure mining methodology to observe these microstructures at a range of lengthscales, it was readily apparent that the pores were not randomly positioned in the microstructure but decorate the periphery of dense aggregates as shown in Fig. 2 . Therefore, the pore separation measurements evaluated along randomly oriented lines using Eq. 5 will cut through dense aggregates in directions that would not represent diffusion distances that limit sintering kinetics. The real diffusion distance will be biased toward the distance between the most closely spaced pores because they will contribute most of the diffusional flux of ions. In order to address this circumstance, a new effective diffusion distance was defined to generalize the applicability of the traditional models of sintering [15] . At the core of this approach is a flux-weighted diffusion distance that preferentially fills more closely spaced pores along the periphery of the aggregates. A new image analysis measurement method was designed that uses binary images of polished microstructure sections that distinguishes the pore phase from the solid but does not require grain boundary reconstruction. In the first phase of the analysis, pore boundary distance maps and pore boundary tessellation were used to select pixels in the solid ceramic halfway between adjacent pore surfaces. The distance to the pore boundary of each of the selected pixels on the tessellation cell boundary was estimated using their gray levels from the distance map. This distance was then averaged for all the pixels on the boundary of each tessellation cell. The average was itself averaged over the thousands of tessellation cells on a group of representative images to arrive at the effective diffusion distance for the material microstructure. This distance was much larger than the grain size. When the effective diffusion length was plotted against volume strain rate for densification, shown in Fig. 3 , the lengthscale exponent was 3, suggesting that the zirconia was densifying by volume diffusion.
In theory, the exponent on the effective diffusion distance could be used to identify a sintering mechanism based on the value of the measured exponent, however, it is unlikely that experimental results will give exact values of 3 or 4 and so ambiguity will always remain. More importantly, the determination of the effective diffusion distance can be used to examine the microstructural sensitivity of sintering irrespective of the state of aggregation in the microstructure. The effective diffusion distance allows the basic assumptions of the kinetic models of sintering to be adapted for the presence of aggregated microstructures without modeling a range of microstructural aggregation states that is presently not well characterized. The effective diffusion distance will allow predictions of the sintering times required to remove all the observed pore populations. For applications that require the removal of all residual porosity such as optical transparency [16] , this will be an important prediction by which decisions could be made regarding extra processing steps to reduce the state of aggregation in the powder prior to forming and sintering [17] .
Despite the apparent benefits of the effective diffusion distance, it is a measurement that is limited to images that represent the average microstructure. This requires the use of imaging magnifications in which individual pores can be correctly imaged while maintaining enough pores in the images to represent the average microstructure in the measurement. The suitability of the images can be determined by measuring the local solid fraction from the images and comparing the average with the solid volume fraction determined by an independent measurement using Archimedes principle. These values must be consistent for the images to be considered representative of the average, however, aggregation of nanocrystalline powders can occur over a range of lengthscales and so it is quite possible that the pores cannot be properly imaged at magnifications that contain enough material to be representative without a prohibitively large effort in image montaging. Figure 4 shows a plot of the local solid volume fraction determined by line fraction measurements on images taken using a magnification at which the pores can be imaged but the images do not contain enough pores to represent the average microstructure. This ''local solid fraction'' is plotted against the solid volume fraction measured on the whole specimen by the Archimedes principle. If the images were representative then the results would fall on the diagonal line in Fig. 4 . This is not the case for the experimental results. At low values of solid volume fraction, the microscopy measurements and the values from the Archimedes method are relatively close, however, as sintering continues the smaller pores sampled by the microscopy measurements rapidly disappear and the solid fractional line length increases much faster than the solid volume fraction measured using the Archimedes method. This suggests that the information from the images is biased and some pores are not being counted either because they are too small to be imaged or because they are too large and widely spaced to be sampled. In principle, this could be rectified by methods such as systematic random sampling during images but the result can also lead to interesting interpretations. For example, in final stage sintering (above 0.92 solid volume fraction) the difference between the two solid fraction measurements diminishes once again. Indeed, observation at lower magnification showed that in final stage sintering most of the porosity was present as areas of widely spaced microstructural damage shown in Fig. 5 . These features obviously create a sampling issue but more importantly should drastically affect sintering kinetics. The damage is thought to be due to spatial heterogeneities in the unsintered microstructure that sinter more slowly and cause differential sintering. Any predictions of sintering time based on the local solid volume fraction would underestimate the sintering time to full density and the sintering behavior of the damaged areas would have to be studied. Clearly, the sintering of aggregated ceramic powders must involve both kinetic studies and microstructural studies to clearly understand the effects of ceramics processing variables on properties such as transparency. Microstructure mining techniques combined with traditional models of sintering are just one such example of how this could be done.
Summary
Microstructure mining techniques can be used to study materials as complex systems. In particular, they could be used to define mesoscales associated with groups of microstructural features when they control material behavior. An example of a mesoscale flux-weighted effective diffusion distance was used to successfully study the sintering of aggregated nanocrystalline ceramic powders in the context of existing kinetic models of sintering. Fig. 4 Relationship between the solid volume fraction measured by the Archimedes principle and solid line fraction measured on SEM micrographs. The difference is thought to represent differential sintering Fig. 5 An example of the large, widely spaced defects in partially sintered zirconia ceramics thought to be caused by differential sintering
